2025 Asia Pacific Signal and Information Processing Association Annual Summit and Conference (APSIPA ASC)

Exploring Dual-Mode Training for
Real-time Target Speaker Extraction

Li Li and Shogo Seki
Al Lab, CyberAgent, Japan
E-mail: {li_li, seki_shogo} @cyberagent.co.jp

Abstract—Implementing real-time target speaker extraction
(TSE) presents significant challenges, primarily due to the need
to minimize computational time to meet real-time constraints.
Additionally, real-time TSE struggles to match the performance
of offline systems because future information is inaccessible in
streaming process. To enhance the performance of real-time
models, this paper investigates the use of dual-mode training for
real-time TSE. This approach involves training a single model
with shared weights for both streaming and batch processing
modes concurrently, with the goal of optimizing streaming
processing performance through full-context modeling and joint
training. The experiments are conducted on a TFGridNet-based
TSE system, where we introduce a dual-mode implementation
of TFGridNet. This implementation maintains the computational
complexity of the streaming process while enabling dual-mode
training. The experiments have indicated that dual-mode training
is able to enhance the performance of streaming TSE system,
particularly in terms of intelligibility metrics.

I. INTRODUCTION

Target Speaker Extraction (TSE) [1], [2] is a pivotal tech-
nique in speech processing, designed to isolate the speech of
a target speaker from observed audio mixtures. This process
leverages various cues, including enrollment speech [3]-[5],
spatial positioning [6], [7], and visual information [8]-[10], to
accurately identify and extract the target speaker’s speech. As
speech interface applications, such as agent robots and smart
speakers, become increasingly prevalent, the demand for real-
time TSE systems is growing. Nonetheless, the development of
high-performance, low-latency real-time TSE systems presents
significant challenges. These challenges primarily arise from
the necessity to optimize computational time on edge devices
to meet stringent real-time processing requirements, specif-
ically ensuring that the real-time factor (RTF) remains less
than 1. Moreover, it is essential to implement TSE in a causal
and streaming manner, implying that future information is
inaccessible during processing.

One research direction involves optimizing model architec-
ture to align with the hardware constraints of edge devices
and achieve a suitable RTF from an algorithmic perspective
[11]-[15]. For instance, VoiceFilter-Lite [11] achieves stream-
ing processing and reduces model size by replacing the 8 con-
volutional layers in VoiceFilter [5] with 2 unidirectional long
short-term memory (LSTM) layers and decreasing the number
of fully connected (FC) layers. The End-to-End Enhancement
Network (E3Net) [12] improves computational efficiency by
employing a learnable encoder and decoder within a compact
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LSTM-based architecture, achieving a RTF of less than 0.1
with a 32ms window size. LookOnceToHear [13] optimizes
real-time processing by reducing the number of TFGridNet
blocks [16] and kernel size for unfolding, removing group
normalization, and limiting the time duration for looking back
at past information, thereby realizing an end-to-end latency of
less than 20 ms.

Simply constraining architectures can limit the represen-
tation capability of neural networks, leading to performance
degradation. To address this issue, several training techniques
have been developed to mitigate such performance losses. One
of the most widely used techniques is knowledge distillation
(KD) [17], [18]. A common application of KD involves
initially training a well-generalized teacher model and followed
by training a student model using an additional KD loss
alongside the standard loss to facilitate knowledge transfer
between models. Typically, the teacher model with larger
architectures employs batch or streaming processing, whereas
the student model is a streaming model with smaller architec-
tures. Although KD offers flexibility in selecting teachers with
varying architectures and determining the type of knowledge to
transfer, this flexibility also introduces challenges in making
appropriate choices. The sequential training process requires
more training time.

This paper explores an alternative training technique, dual-
mode training [19], aimed at enhancing the performance of
streaming models while maintaining computational efficiency
during inference. Dual-mode training, a variant of multi-task
learning, involves training a single model with shared weights
to handle both streaming and batch processing tasks. This
approach enables the streaming model to benefit from weight
sharing and the joint training of full-context modeling provided
by the batch processing model and obviates the necessity for
two-stage training. Additionally, dual-mode models are antic-
ipated to accommodate multiple scenarios for both streaming
and batch processing using a single model, which significantly
reduces storage requirements. Dual-mode training has been
introduced to speech separation using a dual-path RNN [20]
architecture [21], where the bidirectional LSTM is decomposed
and reorganized so that the streaming model can share the
weights of the bidirectional LSTM (BLSTM). However, the
two implementations of dual-mode LSTM presented in [21]
either increase the computational complexity of each layer
in the streaming model by utilizing two LSTMs or reduce



the shared knowledge by introducing separate FC layers for
different modes.

In this paper, we propose a novel implementation for dual-
mode LSTM and investigate a more intricate architecture
characterized by reduced latency, specifically a causal TFGrid-
Net with a latency of 20ms. This configuration is selected
due to TFGridNet’s demonstrated state-of-the-art performance
and extensive applicability in various speech enhancement
and separation tasks. Moreover, a latency of 20 ms is more
optimal for improving user experience. We utilize a multi-
channel streaming TSE system based on the LookOnceToHear
architecture [13], which employs both enrollment and spatial
information as cues to adapt to complex environments with
unspecified target speakers.

II. METHOD
A. Problem formuation

Consider a scenario where the target speaker is recorded by
a microphone array in a noisy environment, including noise,
reverberation, and interferences. The streaming TSE network
T (9) extracts the target speech s; = [s¢7—141,. -, stl]T eR!
based on the microphone array input x; € RM*! and
additional cues such as speaker embedding e and spatial
information r;, which is expressed as

ét :T(Xt,e,rt;ﬂ). (1)

Here, x = [21,...,2)]" denotes a mixture vector recorded
by M microphones and ¢ denotes the frame index, with each
frame having a length of I. Note that the time-invariant speaker
embedding e can be derived from pre-recorded enrollment
speech when available. Alternatively, it can be computed from
the initial multiple segments of noisy speech by utilizing
spatial information to identify the target speaker

€= g(xtzllTinit ) rt:liTinit)' (2)

Here, £ represents a speaker embedding network that is trained
by minimizing the cosine similarity between embeddings de-
rived from noisy observations and their corresponding clean
versions. Ti,i; denotes a predefined number of frames for
calculating the speaker embedding. This is similar to the
approach used in LookOnceToHear [13], which assumes the
target is positioned directly in front of the microphone array.

B. Causal TFGridNet for streaming TSE

TFGridNet employs a mapping-based approach, training a
network to learn a function that maps the complex spectrogram
of an observed signal to its clean version. The complex
spectrogram X € CM*EXT of a given observed mixture
signal x € RM*IXT j5 computed using the short-time
Fourier transform (STFT), where I denotes the number of
frequency bins. Convolutional 2D layers (Conv2D) are then
utilized to embed each time-frequency bin, represented by a
concatenated vector of its real and imaginary parts, into a D-
dimensional latent representation HC. This representation is
processed through multiple TFGridNet blocks, where intra-
frame and inter-frame BLSTMs are used to separately model
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Fig. 1. Architecture of causal TFGridNet for streaming TSE. “B” denotes
mini-batch size and other notations are defined in Subsec. II-B.

spectral and temporal relationships. Additionally, self-attention
mechanisms are applied to effectively capture global temporal
information. The clean signal is reconstructed by employing
a deconvolution 2D layer (Deconv2D) to retrieve the complex
spectrogram, followed by the inverse STFT (iSTFT) to convert
it back into the waveform.

For streaming TSE, we adopt a causal version of TFGridNet
[13], which takes x; instead of x as input, as illustrated in
Figure 1. To facilitate real-time streaming processing, several
modifications are made to the original TFGridNet: the Conv2D
and Deconv2D layers are replaced with their causal coun-
terparts, group normalization is replaced by layer normaliza-
tion (LN), and the inter-BLSTM used for capturing temporal
information is substituted with a unidirectional LSTM. Fur-
thermore, self-attention is replaced by cross-attention, which
captures the relationship between the current frame and a
limited number of past N — 1 frames. To realize TSE, the
speaker embedding e is fused with features H} from the first
causal TFGridNet block by mapping e to a D-dimensional
vector via a fully connected layer (FC) and LN, followed
by element-wise multiplication across frequencies. The fused
features are then processed by two additional TFGridNet
blocks.

The main difference from original TFGridNet lies in the fea-
ture extraction before the TFGridNet blocks (i.e., calculation of
H? in Figure 1). To leverage the information in multichannel
signals, we use spectra X; along with spatial features (SFs)
derived from interchannel phase differences (IPD) and target-
dependent phase differences (TPD) in 3D space [22]. These
features are defined as:

IPDm’ﬂt = 4X11f7t - ZXm’f,t

TPDyy, rt = LR1 5t — LR pt
SFf: =

(m=2,...,M), @)
(m=2,...,M), @

> cos(IPDy ¢ — TPDpy 1t) - 5)
2<m<M
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Fig. 2. Illustrations of dual-mode Conv2D layer (a) and dual-mode LSTM
layer (b). Left and right sides in (a) demonstrate a causal Conv2D with kernel
size of 3 X 3 and its non-causal version, respectively. Left and right sides in
(b) demonstrate an LSTM and BLSTM, where O denotes a zero-vector.

Here, Ry = [Ri f¢--- ,RMJ,t]T € CM denotes the steer-
ing vector calculated using the position information r;, and
f=1,...,F is the frequency index. X;, IPDs, and SFs are
resepectively processed via a causal Conv2D and then added
to form a comprehensive feature HY.

C. Dual-mode implementation of TFGridNet

To harness the benefits of weight sharing with batch pro-
cessing models and facilitate knowledge transfer through full-
context modeling, it is crucial to integrate the streaming model
and batch processing model into a unified network. Two design
principles are considered for dual-mode models in the previous
work [19]: (P1) each layer in a dual-mode model should
operate in either streaming or batch processing mode, and
(P2) the design of the dual-mode layer should not significantly
increase the number of additional parameters compared to the
streaming model. We adhere to these principles in designing
the dual-mode TFGridNet, although we will experimentally
demonstrate that (P2) is not strictly necessary. Specifically, we
adopt dual-mode convolutional layers, LSTM, and attention
mechanisms, while keeping other layers normal, as they are
frame-wise operations.

Dual-mode convolutional layers, including Conv2D, are
implemented by constructing common symmetric convolution
kernels and utilizing only the portions corresponding to the
current and past frames in streaming mode. For example, for
a symmetric Conv2D kernel with a size of ky X k; used in
batch processing, only the kernel of size ky x [(k; + 1)/2],
constructed using a binary mask, is employed for streaming
processing. An illustration of the dual-mode Conv2D is shown
in Figure 2(a).

Two implementations of dual-mode LSTM have been pro-
posed, referred to as ‘“decomposition” and “reorganization,’
respectively [21]. However, the ‘“decomposition” approach

introduces separate FC layers for LSTM and BLSTM, which
may limit the amount of knowledge that can be shared. In
contrast, the “reorganization” approach forwards input signals
to both forward and backward LSTMs in both streaming and
batch processing modes, thereby increasing the computational
complexity of the streaming mode. To address these limita-
tions, we propose a novel dual-mode LSTM implementation,
as illustrated in Figure 2(b). Specifically, we utilize a single
FC layer for both streaming and batch modes. To complement
the mismatch in output feature size, we concatenate zero
vectors, corresponding to the backward LSTM output, with
the forward LSTM output. This implementation maximizes
the shared knowledge between modes while maintaining the
computational complexity of the streaming mode unchanged.
The implementation of the dual-mode attention mechanism
is achieved by controlling the target frames used to com-
pute the attention vector. Given the feature Hfu output by
the inter-LSTM, where ° denotes any TFGridNet block, the
key K € R>XUXE) query QL € R™(FXE) and value
Vi e RIX(FxD/L) are calculated by passing HY" through
a FC layer, followed by PReLU and LN. Here, I denotes
the dimension of the key and query, and | = 1,...,L
denotes the index of heads. The output of [-th attention head
Al € RY>(FXD/L) g calculated using different sets of keys
and values. For batch processing, keys obtained from all
frames are used, represented as K4 = [K!T,... K47
RT*(FXE)  For streaming processing, keys obtained from
the current and past N — 1 frames are utilized, denoted
as Kiy = [K!_ v 7,... KIT]T € RV*UFXE) - Similarly,
Vi € RT*(FxD/L) and Vl € RVxUXD/L) are used for
batch and streaming processing, respectively. The attention
output is given by
QK,'
VvVEXE
where u € {T, N} denotes using either the situation indicated

by the subscript. The final output is obtained by concatenating
the outputs of L heads.

VL, (©6)

Al = softmax(

D. Loss
We employ a weighted sum negative signal-to-noise ratio
(SNR) loss to balance the streaming and batch processing
modes, which is expressed as
L=als+ LB @)
;cve{S’B} = —E[SNR(ét, St)]. (8)
Here, o represents the relative significance of streaming mode
compared to batch processing mode, denoted by S and B
respectively.
III. EXPERIMENTAL EVALUATIONS
A. Datasets

We extracted speech utterances from LibriSpeech [23] and
noise samples from WHAM! [24] to generate noisy mixtures
with two or three speakers, resulting in 100,000, 5,000, and
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TABLE I

MEAN VALUES AND 95% CI OF PESQ, STOI, SDR, SI-SNR, AND LSD FOR STREAMING PROCESSING. “S” AND “B” PRESENT THE NUMBER OF

BLOCKS USED IN STREAMING AND BATCH MODE, RESPECTIVELY. “T” INDICATES THE NUMBER OF BLOCKS IN THE TEACHER MODEL. * DENOTES

STATISTICAL SIGNIFICANCE AGAINST THE BASELINE STREAMING MODEL: *p < 0.05, **p < 0.001. THE BEST SCORE FOR EACH METRIC IS SHOWN IN

BOLD.

Method #Blocks o PESQ 1 STOI [%] T SDR [dB] 1 SI-SNR [dB] 1 LSD [dB] |

Noisy — — 1.14+0.00 36.59+0.25 -3.09+0.09 -3.26+0.09 4.62+0.05

Streaming S3 — 1.59+0.01 55.78+0.29 6.42+0.07 5.28+0.08 3.95+0.04
KD_output S3T3 — 1.62+0.01 ** 56.52+0.28 ** 6.62+0.07 ** 5.48+0.08 ** 3.89+0.04 **
- S3T6 — 1.63£0.01 ** 56.82+0.28 ** 6.55+0.07 ** 5.46+0.08 ** 3.89+0.04 **
KD feature S3T3 — 1.64+0.01 ** 57.53+0.28 ** 6.47+0.07 ** 5.54+0.08 ** 3.83+0.04 **
- S37'6 — 1.64+0.01 ** 57.34+0.28 ** 6.47+0.07 ** 5.50+0.08 ** 3.82+0.04 **
1 1.60+0.01 ** 57.01+0.28 ** 6.15+0.07 ** 5.20£0.08 ** 3.86+0.04 **
2 1.61£0.01 ** 56.77+0.28 ** 6.39+0.07 * 5.34+0.08 ** 3.84+0.04 **
383 3 1.62+0.01 ** 57.17+0.28 ** 6.49+0.07 ** 5.43+0.08 ** 3.88+0.04 **
4 1.63+0.01 ** 57.32+0.28 ** 6.58+0.07 ** 5.48+0.08 ** 3.79+0.04 **
Dual-mode 5 1.61£0.01 ** 56.80+0.28 ** 6.50+0.07 ** 5.45+0.08 ** 3.88+0.04 **
1 1.59+0.01 56.72+0.28 ** 6.31+0.07 ** 5.29+0.08 3.91£0.04 **
2 1.64+0.01 ** 57.60+0.28 ** 6.64+0.07 ** 5.61+0.08 ** 3.86+0.04 **
5386 3 1.62+0.01 ** 57.76+0.28 ** 6.59+0.07 ** 5.61+0.08 ** 3.87+0.04 **
4 1.63£0.01 ** 57.60+0.28 ** 6.67+0.07 ** 5.62+0.08 ** 3.88+0.04 **
5 1.63+0.01 ** 57.62+0.28 ** 6.69+0.07 ** 5.65+0.08 ** 3.89+0.04 **

TABLE II

MEAN VALUES AND 95% CI oF PESQ, STOI, SDR, SI-SNR, AND LSD FOR BATCH PROCESSING. ASYMMETRIC CIS ARE FORMATTED AS “MEAN
[LOWER, UPPER]”. “S” AND “B” PRESENT THE NUMBER OF BLOCKS USED IN STREAMING AND BATCH MODE, RESPECTIVELY. * DENOTES STATISTICAL
SIGNIFICANCE AGAINST THE BASELINE BATCH MODEL HAVING THE SAME NUMBER OF BLOCKS: *p < 0.05, **p < 0.001. THE BEST SCORE FOR EACH
METRIC IS SHOWN IN BOLD.

Method #Blocks a PESQ 1 STOI [%] T SDR [dB] 1 SI-SNR [dB] 1 LSD [dB] |
Noisy — — 1.14+0.00 36.59+0.25 -3.09+0.09 -3.26+0.09 4.62+0.05
Batch B3 — 1.82+0.01 61.32+0.28 8.09+0.07 6.98+0.07 3.83+0.04
B6 — 1.94+0.01 64.90 [64.64, 65.17] 8.84+0.07 7.75+0.07 3.81+0.04

1 1.80+0.01 ** 61.35+0.27 7.63+0.07 ** 6.73+0.07 ** 3.80+0.04 **

2 1.76+0.01 ** 60.14+0.28 ** 7.53+£0.07 ** 6.53+0.07 ** 3.82+0.04 **

93B3 3 1.73+0.01 ** 59.41+0.28 ** 7.41£0.07 ** 6.35+0.07 ** 3.93+0.04 **

4 1.76+0.01 ** 60.05+0.28 ** 7.52+0.07 ** 6.44+0.07 ** 3.81+0.04 **

Dual-mode 5 1.71£0.01 ** 58.93+0.28 ** 7.27£0.07 ** 6.28+0.07 ** 3.94+0.04 **

1 1.97£0.01 ** 65.33 [65.07, 65.60] ** 8.63+0.07 ** 7.70+£0.07 ** 3.7540.04

2 1.95+0.01 ** 65.24 [64.98, 65.51]** 8.62+0.07 ** 7.71x0.07 * 3.78+0.04 **

5386 3 1.94+0.01 65.34+0.26 ** 8.66+0.06 ** 7.71x0.07 * 3.77+0.04 **

4 1.93+0.01 ** 65.06+0.26 ** 8.56+0.07 ** 7.63+0.07 ** 3.76+0.04 **

5 1.93+0.01 ** 64.70£0.27 ** 8.43+0.07 ** 7.54+0.07 ** 3.78+0.04 **

10,000 utterances for training, validation, and test sets, respec-
tively. Using the image method in Pyroomacoustics [25], we
generated 28,000 room impulse responses for linear micro-
phone arrays with M = 7 elements, split into 20,000, 5,000,
and 3,000 for training, validation, and testing. Room sizes
ranged from [4, 3, 2] to [8, 6, 3] m, with reverberation times
(T60) from 0.15 to 0.80s. The microphone spacing was fixed
at 0.028 m, and speakers were positioned within an angular
range of £60° in front of the array. We used dynamic mixing
during training. The validation and test datasets included 5,000
and 10,000 samples, respectively. All signals were resampled
to 16 kHz and fixed at 5s length. Noisy enrollment utterances
were generated similarly, which were considered as the first
utterance spoken by the target speaker in real-world applica-
tions.

B. Experimental settings

We used TFGridNet [16] with parameters! D = 64, B =
3, H=64,1 =1,J =1, L = 4, and E = 8 for the

INote that notations here follow the original TFGridNet [16].
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network. The number of frames IV used in the streaming mode
was set to 50. The STFT window and hop sizes were set
to 12/8ms. This resulted in a network with an algorithmic
delay of 12ms and a real-time factor of 0.67 on an Intel
Xeon Platinum 8452Y CPU. Speaker embeddings were derived
from noisy enrollment data by utilizing positional information
to identify the target speaker. This process employed a noisy
embedding network, which was trained to minimize the cosine
similarity between its output embeddings and those generated
by Resemblyzer?, an open-source speaker encoder used as
the clean speaker embedding model. More network details
are available in [13]. We trained all networks using Adam
optimizer with a learning rate (Ir) of 5.0 x 10~%, halved
when the validation loss did not improve for five consecutive
epochs, down to a minimum Ir of 1.0 X 10=%. The batch
size was 12, and training ran for 50 epochs. We explored
two dual-mode model configurations, differing in the number
of TFGridNet blocks within the batch processing mode. The

Zhttps://github.com/resemble-ai/Resemblyzer
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first configuration, termed S3 B3, utilized 3 blocks, identical to
the streaming mode. The second configuration, termed S3B6,
employed 6 blocks, with the streaming mode using the 2nd,
4th, and 6th blocks and skipping the other three blocks. For
comparison, we trained streaming models using KD with pre-
trained batch models serving as the teacher. The terms S37'3
and S376 denote the use of teacher models with 3 blocks
and 6 blocks, respectively. We distilled the output knowledge,
referred to as “KD_output,” by applying a negative SNR
loss between the outputs of the teacher and student models.
Additionally, we distilled feature knowledge, referred to as
“KD_feature,” by utilizing an L1 loss between the features
generated by the last TEGridNet block in both the teacher and
student models. The weight assigned to the KD loss was set
at 1.0.

We used perceptual evaluation of speech quality (PESQ)
[26], short-time objective intelligibility (STOI) [27], signal-
to-distortion ratio (SDR) [28], scale-invariant SNR (SI-SNR)
[29], and log-spectral distance (LSD) as evaluation metrics.

C. Results and discussion

Table I presents the mean values and corresponding 95%
confidence intervals (CIs) obtained in streaming mode. A
paired samples t-test was conducted to assess the statistical
significance of the results between the dual-mode models and
their respective baselines. The significance levels are denoted
as follows: p > 0.05 with no mark indicates no statistical
significance, *p < 0.05 indicates statistical significance, and
**p < 0.001 indicates high statistical significance. We found
all dual-mode models demonstrated improvements in PESQ,
STOI, and LSD metrics compared to the baseline streaming
model. Meanwhile, there was a degradation in SDR and SI-
SNR when o = 1 was applied across both configurations,
and when o = 2 was used in the S3B3 configuration. These
findings suggest that leveraging knowledge from full-context
modeling may be more beneficial for enhancing perceptual
quality than for improving signal-level quality. When compar-
ing the results of the two configurations, S3B6 demonstrated
further improvements in SDR and SI-SNR while maintaining
the same levels in other metrics as S3B3. This suggests
that a larger batch processing model, which can learn more
comprehensive features and enhance capabilities, is more ben-
eficial for improving the streaming model. This finding also
challenges the second principle (P2) proposed in previous work
[19], indicating that a batch model with an increased number
of parameters can be effectively utilized and may offer greater
benefits when paired with an appropriate setting. The results
achieved by models trained with KD demonstrate the differ-
ences in effectiveness with different KD options. Distilling
output knowledge achieved better SDR and SI-SNR, while
distilling feature knowledge resulted in more improvements
in other metrics. In contrast, the dual-mode model S3B6,
except for a = 1, achieved better or comparable performance.
Especially, « = 2 surpassed the best scores achieved by
different KD settings in terms of all metrics.

Table II presents the results for the batch processing mode.
In the S3B3 configuration, we observed that nearly all met-
rics experienced degradation, with the exception of LSD,
which showed improvement when « was set at 1, 2, and
5. Conversely, the degradation in the S3B6 configuration
was less pronounced, and dual-mode training even enhanced
performance metrics such as PESQ, STOI, and LSD. When
combining the results from both modes, we found that in-
creasing « can enhance SDR and SI-SNR in streaming mode,
albeit at the expense of other metrics. Setting o at 2 or 3
in the S3B6 configuration strikes the best balance, achieving
reasonable improvements in streaming mode while maintain-
ing comparable performance in batch processing mode. This
suggests that knowledge from the large batch model should be
utilized as a form of regularization rather than treating both
modes equivalently.

We also explored initializing the dual-mode model with a
pre-trained batch model and applying KD loss related to the
output or latent features, as described in [19], [21]. However,
these techniques did not result in any further performance
improvements in our experiments.

IV. CONCLUSIONS

This paper investigates dual-mode training for real-time
TSE, specifically focusing on a TFGridNet-based TSE network
with a system latency of 20 ms. We introduced a novel imple-
mentation of dual-mode LSTM that maximizes shared weights
while keeping the computational complexity of the streaming
mode unchanged. Experimental results demonstrated that dual-
mode training is beneficial for enhancing the performance of
the streaming model. Moreover, with an appropriate training
configuration, it is possible to develop a unified model capable
of performing both streaming and batch processing, achieving
even better performance than separate streaming and batch
processing models.
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